A new pairwise osteometric pair-matching approach based on the Z-transform method is presented. In contrast to previous methods that perform a global t-test on the summed skeletal element pair measurement distances, this approach performs t-tests on each individual distance, facilitating the capture of measurement-specific variation. This new approach is compared to published pairwise sorting methods using a standard reference dataset of postcranial remains maintained by the Defense POW/MIA Accounting Agency. Receiver operating characteristic curve analysis indicates significantly improved performance for the clavicle and radius over all previous methods (p < 0.01). The ztransform method weighted by the effect size outperformed the t-test (Byrd and Adams) and the mean t-test (Lynch) for all elements (p < 0.01). The method performed better than the absolute value t-test (Lynch) for five elements (p < 0.01) and performed at least as well for the remainder. To facilitate usability all methods are available at: https://github.com/spawaskar-cora/z-transform-method.
KEYWORDS: forensic science, pairwise osteometric pair-matching, statistics, z-transform test, automation, software Osteometric sorting is a complex challenge in anthropology and archeology. Traditional osteometric pair-matching methods rely on linear measurements to generate short lists of potential pair-matches among antimeric elements from commingled assemblages (1) . These methods are all derivations of an approach first implemented by Byrd and Adams (2) (3) (4) , and use the calculation of a t-statistic to test for statistically significant differences of summed measurements between two elements and a known reference sample. While these approaches have shown high levels of accuracy and exclusion, there is a need to improve the statistical model.
The approach advocated by Byrd and Adams was intended for use with small commingled assemblages. The approach was kept simple and efficient so it could be conducted using basic calculations by any practitioner, regardless of statistical knowledge. However, given the unique challenges associated with large commingled assemblages (i.e., performing and maintaining results of multiple pairwise comparisons for multiple sets of paired elements), new advances in the automation of osteometric sorting have begun (3, 4) . These advances provide the opportunity to apply more complex statistical models as the analyses are automated; thereby, allowing widespread application throughout the anthropology and archeology communities.
The challenges of working with large commingled assemblages are an exponential problem; as the size of an assemblage increases, so do the short lists of possible matches that must be visually pair-matched. When dealing with assemblages that have associated individuals in the hundreds, the short lists of nonexcluded pairs can contain a large amount of potential matches making the overall process inefficient. Therefore, combining automation and more complex statistical modeling is justified to reduce the number of potential matches.
To that end, an osteometric pair-matching approach that relies on the Z-transform method (or Stouffer's method as it is also known) (5) is proposed. Previous methods typically follow variations of global summation of left-right measurement differences obtained from a skeletal element pair that are then used to conduct a t-test. The Z-transform method differs from previous approaches by conducting statistical tests on each individual leftright measurement difference for a given skeletal element pair. The p-values from each statistical test are then merged using weighted or unweighted variants of the Z-transform method. Unlike previous methods, the ability to conduct separate statistical tests for each left-right measurement difference preserves origin of variation information. The structural difference between the novel Z-transform method and previous global summation ttest methods are highlighted in the process flow diagram in Fig. 1 .
This study provides three major results. First, an implementation of a new pairwise osteometric pair-matching approach based on the Z-transform method is described. Second, an analysis of left-right measurement difference characteristics is conducted. The means, variances, and correlations of left-right measurement differences from a sample population are presented. Results demonstrate a large variation in left-right difference ranges and means for individual measurements on the same skeletal element, supporting the need for an approach that takes these features into consideration. Current global summation methods ignore this large variation between individual measurements differences.
The final, and ultimate purpose of this study, is a competitive evaluation of the Z-transform pairwise osteometric pair-matching method variants against previous methods by Byrd and Adams and by Lynch (1) (2) (3) (4) . Receiver operating characteristic (ROC) curve analysis indicates that the Z-transform methods demonstrate improved results for several skeletal elements.
Previous Approaches to Osteometric Pair-Matching

Byrd and Adams
The model introduced by Bryd and Adams sums the differences between the measurements of left and right skeletal elements. This test assumes that a true pair match will have a sum of differences near zero. Left and right skeletal elements whose sum of differences deviates more than what would be expected due to normal human anatomical variation are considered likely to originate from different individuals under this model. Let D be the summation of the measurement differences for a left and right skeletal element.
In this model, a i is the ith measurement of the left skeletal element and b i is the ith measurement of the right skeletal element. The null hypothesis H 0 of this model is D = 0 and the alternate hypothesis H A is D 6 ¼ 0-that is, the null hypothesis is that the left and right measurements are the same between the two elements being compared. For the purpose of testing these hypotheses, a t-test is performed. The value D is transformed into a t value by the following formula:
where S D ref is the standard deviation of the D-values from a chosen reference sample data set. The obtained t value is compared to a t-distribution with v degrees of freedom to generate a twotailed p-value. Here v = n À 1, where n is the number of pair matches in the reference sample set. According to Bryd and Adams, a pair of left and right skeletal elements can be excluded as a potential pair match if p > 0.1.
Lynch
Recently, Lynch introduced two additional models for osteometric pair-matching. The first model is a modification of the approach by Byrd and Adams. In this approach, Lynch compares each D-value to a mean D-value obtained from left and right skeletal elements in a given reference sample data set. It is noted by Lynch and previous research (6) that the mean difference between left and right skeletal elements in a reference population may not always be zero due to factors such as bilateral asymmetry or measurement error. Thus it would be reasonable to adjust the original hypotheses of Byrd and Adams, H 0 and H A, to D = D and D 6 ¼ D, respectively, where D is the mean summed measurement differences of the left and right skeletal elements of the chosen reference sample set. The derived t value is shown in the formula below.
FIG. 1--(A)
Process flow for previous pairwise osteometric pair-matching models. In previous models, measurement differences were summed before statistical testing. (B) Process flow for novel Z transform based pairwise osteometric pair-matching model. Statistical testing is conducted on individual pairwise measurement differences to produce p-values. These p values are combined into a global p-value using the Z-transform test.
Again the resulting t value is compared to t-distribution with v = n À 1 degrees of freedom to generate a two-tailed p-value, where n is the number of pair matches in the reference sample data set.
The second model relies on the summed absolute differences between the left and right skeletal element measurements. Let D abs be the summation of the absolute differences.
For normalization purposes, it is recommended to apply the half-normal distribution normalization transformation to the D abs values. 
The resulting t value is compared to a one-tailed t-distribution with v = n À 1 degrees of freedom to obtain a p-value. These two models introduced by Lynch have demonstrated improvement over the Byrd and Adams method for several data sets.
Materials and Methods
Z-Transform Methods
Osteometric pair-matching based on the Z-transform test includes unweighted and weighted variants. The two weighted variants are derived from applying the standard error and effect size to the unweighted Z-transformation.
Unweighted Z-Transform Test
The basic approach of the unweighted Z-transform test (Stouffer's method) maps one-tailed p-values from independent tests to standard normal deviates (Z-scores) using an inverse normal transformation. These Z-scores are then summed together and divided by the square root of the total number of tests being combined. The resulting value is also a Z-score that can be transformed back into a p-value. The global null hypothesis of the Z-transform test is that all of the individual hypotheses are null.
For the Z-transform method, let H 0,1 , H 0,2 , . . . H 0,k be a set of null hypotheses for k independent tests. Suppose that there is a test statistic and resulting one-tailed p-value p i for each H 0,i . Let
where / and U À1 are the standard normal cumulative distribution and its inverse. The Z i 's are summed and divided by the square root of the total number of tests k to produce a global Z-score, Z s , as shown in the equation below (5,7).
The combined p-value, P, is given by P ¼ 
where S Diref is the standard deviation of ith D-value of the reference sample. As the Z transform test is appropriate for one-sided tests, the absolute value of t is used as the test statistic for the Z methods in this study. In essence, the non-directional magnitudes of the D-values are being considered. By taking the absolute value of the t value, the resulting test statistic |t| follows the half-t distribution. The half-t distribution is closely related to the t distribution with its Probability Density Function (PDF) and Cumulative Distribution Function (CDF) given as follows (8) .
where f HT (x) is the PDF of the half-t distribution, f T (x) is the PDF of the t distribution, F HT (x) is the CDF of the half-t distribution, F T (x) is the CDF of the t distribution, and x is a real number. The p-values for the absolute t values can then be obtained using a one-tailed test with the half-t distribution. The Z transform test is used to combine the obtained p-values corresponding to the set of hypotheses H 0,1 , H 0,2 , . . . H 0,k.
Weighted Z-Transform Test
Liptak modified Stouffer's method to allow for the inclusion of weights to reflect an individual test's power (9) . The formula for the weighted Z-transform test is provided below.
In addition to the unweighted Z-transform test two additional weighted tests are applied to the data sets. The first, Z-transform test is weighted by the inverse standard error given by w i ¼ 1=ðS D i ref =nÞ, while the second is weighted by the standardized effect size of the D-values. This weighting is given by
Previous results have suggested that the effect size provides optimal power over the standard error when used as a weighting (10) .
Adjustment for Correlation
Finally, the Z-transform test is valid if the p-values to be combined were produced from independent statistical tests (11).
However, many bone measurements are correlated with one another given the effect of bone size on overall bone morphology. Combining p-values from correlated test statistic may result in an artificially small global p-value. Following Zaykin, a modification is made to the Z-transform test to account for correlations between Z-scores (11). The weighted Z-transform test now becomes:
where r ij = cor (Z i , Z j ). The unweighted Z transform test is given by:
In this study, both weighted and unweighted variants of the Z transform test are adjusted for correlation between skeletal element measurement D-values.
Reference Population
The reference population used in this study is the Defense POW/MIA Accounting Agency (DPAA) osteometric sorting reference sample. The DPAA sample consists of nearly 300 individuals containing near complete skeletal measurements from both sexes and a mixture of European American, African American, and Asian individuals. The measurements used are those described in Moore-Jansen et al. (6) and were collected by forensic anthropologists certified to perform osteometric case work within the DPAA Laboratory's accreditation program. The measurements used in this study and their descriptions can be found in Table 1 .
The data used in this study are subsampled from the larger DPAA dataset, and sample size varied based on the paired skeletal elements being tested. In this study, pair-matching was assessed among true-pairs of the clavicle (n = 116), scapula (n = 124), humerus (n = 137), radius (n = 130), ulna (n = 90), Os coxa (n = 149), femur (n = 92), tibia (n = 149), and fibula (n = 96), with no instances where a paired element was included without the true match.
Experimental Design
Three variants of the Z-transform test were evaluated for their performance against Byrd and Adams' t-test method, Lynch's mean t-test method, and Lynch's absolute value t-test method. The variants of the Z-transform test used were an unweighted Ztransform test, a Z-transform test weighted by standard error, and a Z-transform test weighted by effect size.
Leave-one-out cross (LOOCV) validation (12) was used to assess the six models' performances. The cross-validation was performed with the skeletal element reference samples described in the previous section. Each reference sample was a set of n left skeletal elements L and a set of n right skeletal elements R. The true match pairings M true = (l i , r i ) were known and used to train the models. In this approach, all possible (n (n À 1))/2 left-right pair matches in the reference sample were considered sequentially. For each pairing M = (l i , r j ) being evaluated, the n true matches in the reference sample, excluding M true (l i , r i ) as well as M true (l j , r j ) if j 6 ¼ i, were used to calculate the necessary parameters for the model currently being tested.
For the t-test model, t-test model using the mean D-value, and the absolute value t-test model, the reference sample true match pairings, excluding the pairs with skeletal elements being evaluated, were used to calculate the reference sample D-value standard deviation and reference sample D-value mean. These parameters were used to obtain the p-values generated by the ttest model, mean t-test model, and absolute t-test model for a given skeletal element pair M(l i , r j ). Similar to the t-test methods, for the Z-transform tests, the reference sample true match pairings, excluding the pairs with skeletal elements being evaluated, were used to calculate the mean D-value and D-value standard deviation for each individual measurement. The reference sample D-values were also transformed into Z-values to estimate the correlation between Z-values for each measurement. The standard deviation, mean, and correlation parameters were input to the Z-transform test variants to obtain p-values for the skeletal element pair M(l i , r j ) being tested.
For these models, the true positive rate (TPR) was defined as the percentage of pair matches that were excluded and were true exclusions (exclusion rate) at a given alpha level. The false positive rate (FPR) was defined as the percentage of true pair matches that were incorrectly excluded at a given alpha level. The TPR and FPR are given by the following formulas respectively.
where TP is the number of true positive exclusions and FN is the number of false negatives (skeletal element pairs that should have been excluded but were not). where FP is the number of false positive exclusions and TN is the number of true negatives (the number of skeletal element pairs that were correctly not excluded).
To assess the quality of the various models in the competitive study, ROC curves were plotted using the pROC R package (13) . A ROC curve is the plot of the TPR against the FPR at various threshold levels (in this case alpha levels) (14) . ROC curves have become very popular in a wide number of fields (15) (16) (17) for measuring the ability of models to distinguish between true positives and true negatives. A ROC curve that follows the diagonal from the lower left (0,0) to the upper right corner (1,1) of the plot indicates that its respective model can distinguish between true positives and true negatives no better than chance. The closer that a ROC curve is to the upper left corner of the plot, the better its corresponding model is able to discriminate between true positives and true negatives.
The Area Under the ROC Curve (AUC) provides a measure of model accuracy; the AUC can range from 0.5 (random chance) to 1.0 (perfect accuracy). In this study, ROC curve analysis and the AUC was used to measure the ability of the pairwise osteometric sorting methods to distinguish between non-matching skeletal elements (true positives for exclusion) and confirmed skeletal element pairs (true negatives not to be excluded). DeLong's test for two correlated ROC curves was applied to determine the statistical significance of AUC value differences between Z-transform methods and previous t-test methods (18) . One-sided p-values were generated for the hypothesis that the difference between the AUC values generated by Ztransform methods and the t-test methods would be significantly greater than zero, indicating that the Z-transform methods were better performing.
Method Implementation
All methods in this study were implemented using the C++ programming language and Rcpp a package for C++ and R integration (19) . The code is available for review and use at https://github.com/spawaskar-cora/z-transform-method.This tool has been developed to run on Linux and Mac operating systems.
Results
Heterogeneity of D-values
Variances and mean values in D for the various skeletal element measures are highly variable across reference sample measurements for a given skeletal element type (Fig. 2) . Previous research has also demonstrated bilateral asymmetry specific to skeletal element, measurement, and sample population (20) . This supports the position that individual measurement differences should be analyzed individually to capture measurement-specific information.
From Fig. 2 , the D-values for various measurements on the same skeletal element have widely different means and variances. This may be due to a number of reasons such as whether a measurement is a length versus a shorter transverse measurement (20) . For example, the average maximum lengths (Fem_1) of left and right femur measurements for the reference sample were 451.8 and 451.5 mm, respectively. The average epicondylar lengths (Fem_2) of the left and right femur measurements were 448.3 and 447.8 mm. However, the remainder of the femur measurements had an average length that was <100 mm. The measurement with the smallest average lengths was the transverse subtrochanter diameter (Fem_6) at 27.3 and 27. (Fem_2), and anteroposterior midshaft diameter (Fem_7). Previous methods do not take the origin of this variation into account. If measurements Fem_1 and Fem_2 contributed the most to the 7 mm global D-value, this should not be as significant as the majority contribution coming from measurements with smaller D-value variances or means such as Fem_7. Unlike previous methods, the Z-transform test allows for D-value differences to be more or less significant depending on which measurement the difference originated from. By taking this information into consideration, the Z-transform methods are able to produce improved results compared to previous methods.
D-value Correlation
Correlation between test statistics can result in an artificially low global p-value produced by the Z-transform test methods. As multiple measurements are taken from the same skeletal element, it is reasonable to assume that the value of one measurement will be correlated with other measurements on the same element. In this section, we briefly illustrate correlation between skeletal element D-values.
Two femur measurements, maximum length (Fem_1) and bicondylar length (Fem_2) are highly correlated with one another (Fig. 3) . According to Table 2 , Fem_1 and Fem_2 have a correlation of 0.919. Other moderate correlations are also observed among measurements such as between maximum head diameter (Fem_4) and anteroposterior subtrochanter diameter (Fem_5) with a correlation of 0.219. The Z-transform method takes these correlations into consideration during statistical analysis, producing more accurate results.
Model Competitive Study
Three variants of the Z-transform test were compared against the previous methods of Byrd and Adams, and Lynch. ROC curves were used to analyze the performance of the Z-transform test method and previous t-test methods. The ROC curves for nine different skeletal elements are shown in Fig 4. Variants of the Z-transform method outperformed the t-test method (Byrd and Adams) and the mean t-test (Lynch) and performed at least as well as the absolute value t-test (Lynch) for all skeletal elements as demonstrated by ROC curve analysis. The ROC curves are shown in Fig 4. For certain skeletal elements, the unweighted Z-transform test and Z-transform test weighted with the effect size provided improved results over all previous methods including the absolute value t-test approach by Lynch. This effect is seen especially strongly for the clavicle and radius. For the clavicle, when the Z-transform test was weighted by the effect size a TPR of 80.1% and a FPR of 6.9% was obtained. In contrast, when the t-test had a TPR of 80% the FPR was 18.1%. For the mean t-test, when the TPR was 80.1 the FPR was 14.7%. Finally, for the absolute value t-test, when the TPR was 80% the FPR was 16.4%.
For the radius, the unweighted Z-transform test had a FPR of 6.9%, when the TPR was at 90%. In contrast the FPR for the absolute value t-test was 13.8% when the TPR was set at 90%. The t-test had a FPR of 32.3% when the TPR was 89.9%. The mean t-test had a FPR of 20% when the TPR was 90%.
To assess model performance and to evaluate best p-value cutoffs, the TPR and FPR were determined for three alpha levels: 0.1, 0.05, and 0.01. The results for each skeletal element can be found in Table 3 . These results indicate that the optimal alpha level may vary among different skeletal elements and methods. The clavicle had a relatively lower TPR (exclusion rate) compared to other skeletal elements; however, it also had a relatively low FPR rate. For this skeletal element, setting an alpha at 0.05 appears to maximize the TPR, while maintaining the FPR at an Other skeletal elements such as the femur have a much higher TPR for most of the osteometric sorting methods, but have a much higher FPR as well. p-Value thresholds for the femur could be set lower at 0.01 to minimize the higher FPR, while still maintaining a high TPR. At 0.01 the unweighted Z-transform test had a TPR of 96.7% and FPR of 2.2%. The t-test methods had a TPR ranging from 86.2% to 91.1% and a FPR ranging from 1.0% to 2.0% at this level. At the 0.05 alpha threshold, the TPR increased to a range of 89.5% to 95.4% for the t-test methods. At this threshold, the absolute value t-test method, which was the best performing t-test method, had a TPR and FPR of 95.4% and 7.6%, respectively. The unweighted Z-transform test had a lower FPR of 5.4%, and higher TPR of 98.2% at the 0.05 alpha threshold.
The area under the curve (AUC) for each method applied to the various skeletal elements is reported in Table 4 . The onesided p-values for the AUC differences between the z-transform and t-test methods are in Table 5 . As stated previously, the Ztransform test method weighted by the effect size outperformed the t-test method (Byrd and Adams) and the mean t-test method (Lynch) for all skeletal elements as demonstrated by the AUC (p < 0.01, Table 5 ). For the clavicle and radius, the unweighted z-score method and the z-score method weighted by the effect size outperformed all of the previously published methods including the absolute value t-test method (Lynch) (p < 0.01, Table 5 ). The Z-transform test method weighted by the effect size performed as well as or slightly better than the absolute value t-test for the remainder of the skeletal elements. The clavicle AUC for the Z-transform method weighted by the effect size was 0.930 compared to the AUC of 0.906, 0.890, and 0.887 for the absolute value t-test, the t-test mean, and the t-test, respectively. Similarly, the radius AUC was 0.97 for the unweighted Z-transform, which is greater than the 0.955, 0.931, and 0.921 for the absolute value t-test, the t-test mean, and the t-test, respectively.
The unweighted z-transform method and the z-transform method weighted by the effect size were consistently the best performing z methods. The unweighted z-transform method produced AUC values that were statistically greater than those produced by the t-test methods in the majority of cases (Table 5 ). The z-transform method weighted by the effect size produced AUC values that were statistically greater than those produced by the t-test methods in all cases ( Table 5 ). As shown in Table 4 , the Z-transform test weighted with the effect size produced the majority of the highest AUC values.
The efficiencies for each method were also calculated and can be found in Table 6 . The efficiency for a statistical method at a given alpha level is (TP + TN)/(TP + TN + FP + FN), where TP is the number of true positives, TN is the number of true negatives, FP is the number of false positives, and FN is the number of false negatives. For each element, the Z-transform method weighted by the effect size had the highest efficiency out of all of the methods compared.
Software Tool Performance
The software tool was run on the Tusker computing cluster at the Holland Computing Center (21) on a single AMD Opteron 6272 processor with 32GB of RAM. The number of tests and corresponding runtimes for each skeletal element are shown in Table S1 . Cross-validation for the t-tests required less than a second for each skeletal element. Cross-validation for the Ztransform methods required no more than 33 sec for any of the skeletal elements. The number of tests for each skeletal element cross-validation ranged from 8464 to 21,904 tests. This software tool is able to rapidly process a large number of pairwise tests, making it a useful tool to the scientific community.
Conclusion and Discussion
A novel pairwise osteometric sorting method has been developed. Unlike previous methods, which rely on a global summation of pairwise measurement differences, the Z-transform test approach considers each measurement difference individually.
The importance of considering each measurement individually is demonstrated. Results highlight that the means and variances of the left-right measurement differences from reference sample data sets are highly variable even across the same skeletal element type. When the measurement differences are summed into a global value before statistical testing, important measurementspecific information is lost. A global sum of differences does not indicate where variation between a left and right skeletal element pair originates. The same measurement difference may have different levels of significance depending on the measurement difference origin. A small difference between maximum length measurements may not be significant; however, the same measurement difference might be significant for a smaller transverse measurement. By taking measurement-specific characteristics into consideration, an accurate model that is able to exclude a high percentage of pair-matches successfully, while maintaining a very low FPR has been developed; an essential cornerstone to pair-matching and segregating large commingled assemblages.
Furthermore, the concept of data specific analysis can also extend to the selection of an alpha for various skeletal element types. The clavicle had a much lower TPR (exclusion rate) for all osteometric sorting models in comparison with other skeletal elements. The alpha level could be set to a value of 0.05 to maximize the TPR, while minimizing the FPR. Other skeletal elements have greater FPRs but also have very high TPRs. For these skeletal elements, the alpha value can be set to a smaller alpha such as 0.01 to minimize the FPR. A future study into skeletal element specific model performance and optimized alpha selection may be beneficial.
Often in forensic anthropology, skeletal elements will be fragmented and therefore missing measurement information. In this project's next steps, the robustness of the algorithm when presented with missing measurement data will be tested against previously published methods.
Pairwise osteometric pair-matching remains a challenging task, and this study demonstrates the importance of considering each paired measurement difference individually for contralateral elements. Lastly, advances in computational and analytical technologies are facilitating the development of improved techniques and automation for osteometric pair-matching.
